ZA)9) B2HE o] §8 AP IA =

S5 71 P 79712

Self-Supervised Visual Odometry via Frame Interpolation
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Abstract: Self-supervised visual odometry (VO) has been proposed to learn a VO model without
ground-truth. The photometric loss is a widely used loss function to train a VO model, which
maximizes consistency between the original image and the reconstucted image by motion, and does not
require VO ground truth. However, the photometric loss tends to suffer from a weak supervision
signal, due to the lack of credible supervision sources to infer the relative movement. To address this
issue, we propose a novel self-supervised VO utilizing frame interpolation, which takes advantage of t
he frame interpolation technique to intensify the supervision signal of the photometric loss through fra
me interpolation; we interpolate frames in the VO dataset, so that the frames are augmented with
additional credible knowledge. We show the photometric loss with the additional supervision signal he
Ips both the pose and depth network trained more accurately. In experiments, we show that our method
improves performance of visual odometry on KITTI odometry dataset in a reasonable gap.
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[Fig. 1] Learning pipeline via frame interpolation. We utilize
the interpolated image for better supervision signal.
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[Table 1] Absolute Trajectory Error for short snippets

Method Sequence 09 Sequence 10

SfMLearner'! 0.021+0.017 0.020+0.015

GeoNet™ 0.012£0.007 0.012+0.009

Ours 0.010+0.008 0.010+0.006
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